As indicators of social welfare, the incidence of inequality and poverty is of ongoing concern to policy makers and researchers alike. Of particular interest are the changes in inequality and poverty over time, which are typically assessed through the estimation of income distributions. From this, income inequality and poverty measures, along with their differences and standard errors, can be derived and compared. With panel data becoming more frequently used to make such comparisons, traditional methods which treat income distributions from different years independently and estimate them on a univariate basis, fail to capture the dependence inherent in a sample taken from a panel study. Consequently, parameter estimates are likely to be less efficient, and the standard errors for between-year differences in various inequality and poverty measures will be incorrect. This paper addresses the issue of sample dependence by suggesting a number of bivariate distributions, with Singh-Maddala or Dagum marginals, for a partially dependent sample of household income for two years. Specifically, the distributions being considered are the bivariate Singh-Maddala distribution, proposed by Takahasi (1965) , and bivariate distributions belonging to the copula class of multivariate distributions, which are an increasingly popular approach to modelling joint distributions. Each bivariate income distribution will be estimated via full information maximum likelihood using data from the Household, Income and Labour Dynamics in Australia (HILDA) Survey for 2001 and 2005. Parameter estimates for each bivariate income distribution will be used to obtain values for mean income and modal income, the Gini inequality coefficient and the headcount ratio poverty measure, along with their differences, enabling the assessment of changes in such measures over time. In addition, the standard errors of each summary measure and their differences, which are of particular interest in this analysis, will be calculated using the delta method. 
INTRODUCTION
The incidence of inequality and poverty is of ongoing concern not only in developing regions but also amongst some of the world's economic leaders. As indicators of social welfare, much of the literature has been drawn towards the accurate specification and estimation of various inequality and poverty measures. In particular, policy makers and researchers alike are often interested in assessing the changes in inequality and poverty over time. That is, one would ideally expect to observe a reduction in inequality and poverty from one year to another in order to determine whether policies implemented for that purpose have been effective. Such assessments are typically performed through the estimation of income distributions, from which income inequality and poverty measures, along with their differences and standard errors, can be derived and compared.
Traditionally, comparisons of inequality and poverty over time have been made with income distributions for different years being treated as independent. Various univariate functional forms have been suggested in the literature and income distributions have been estimated accordingly using conventional inference techniques. Initially, the gamma, lognormal and Pareto distributions were commonly used, with the gamma distribution generally found to fit better than the lognormal distribution (Salem and Mount, 1974; McDonald and Ransom, 1979; McDonald, 1984) . Other two-parameter distributions that have been considered include the beta, Fisk and Weibull distributions. In addition, a number of three-parameter distributions have been proposed in the literature, including the Singh-Maddala distribution, which contains the Pareto, Fisk and Weibull distributions as special cases, and the Dagum distribution, which, although not as widely applied as the Singh-Maddala distribution, has shown to provide a better fit (Kleiber, 1996; Kleiber and Kotz, 2003) .
A major issue in taking the univariate approach, however, is that panel data is becoming more frequently used to make comparisons of inequality and poverty over time. Consequently, as some members of the panel will be common between years, recorded incomes are likely to be correlated, resulting in a dependent sample. Therefore, treating one income distribution for any given year independently of another does not take into account that those who earned a high income in one year are also likely to earn a high income in a subsequent year and vice versa. This is of concern particularly in regions which exhibit low income mobility, as it coincides with a high degree of correlation.
There are two main consequences of estimating separate univariate distributions for different years of a panel. The first is that the parameter estimates are likely to be less efficient than a bivariate or multivariate approach that recognises correlation in incomes from year to year.
The second is that the standard errors for between-year differences in various inequality and poverty measures will be incorrect. This is due to the estimated differences being functions of the parameter estimates from both marginal distributions. These parameter estimates will be correlated, and separate estimation does not provide a covariance term for computing the standard error of the difference. These features provide motivation for the use of multivariate techniques for the distribution of income when using panel data, in order to account for possible correlation between years.
The presence of dependence in a sample of income taken from a panel study has been left largely unaddressed in the literature. In a paper by Kmietowicz (1984) , a bivariate lognormal distribution is suggested for the joint distribution of household size and income, rather than income over time, which is then used to derive estimates of the Gini inequality measure. Sarabia et al. (2005) adapt this model by deriving extensions of the bivariate lognormal distribution and applying each to data from the European Community Household Panel. In both papers, the proposed models have marginal income distributions which follow the univariate lognormal distribution. However, it has been historically found at the univariate case that although the lognormal distribution performs well at lower income levels, it fits poorly at higher income levels (Singh and Maddala, 1976) . In addition, the Singh-Maddala and Dagum distributions have been subsequently shown to provide a better fit than the lognormal distribution (Singh and Maddala, 1976; McDonald and Ransom, 1979; McDonald, 1984) . Therefore, a multivariate distribution which has either Singh-Maddala or Dagum marginals would be better suited to approximating the joint distribution of income rather than one with lognormal marginal distributions.
Other studies which have recognised the issue of dependent samples often ignore the problem by selecting a subsample of the data to create either an independent sample or a completely dependent sample, with both Kmietowicz (1984) and Sarabia et al. (2005) guilty of the latter. This is of concern as the disregard of large proportions of available data creates the potential for the marginal distributions of income to be estimated inaccurately. Intuitively, a solution would be the use of a partially dependent sample, which contains both the dependent observations within a panel as well as the independent observations. However, this approach has yet to be performed in the literature. This paper seeks to address the issue of sample dependence by applying various bivariate distributions, with Singh-Maddala or Dagum marginals, to a partially dependent sample of household income for two (non-consecutive) years, with a view to assess the changes in inequality and poverty over that period. For ease of analysis only the bivariate case is being considered in this paper. One of the distributions suggested is the bivariate Singh-Maddala distribution proposed by Takahasi (1965) . The appeal of this distribution is that both the marginal and conditional distributions follow a univariate Singh-Maddala specification (Kleiber and Kotz, 2003) . Other bivariate distributions being considered belong to the copula class of multivariate distributions. Using copulas to model multivariate distributions is extremely popular in the finance and actuarial context, particularly for capturing dependence amongst stocks. This approach is appealing as copulas are easily estimated using maximum likelihood techniques, and there are many alternatives available in the literature which capture a wide range of dependence structures beyond simply correlation. In addition, copulas are flexible in that they can be applied to any specification of the marginal distribution, including allowing for the marginal distributions to have different specifications.
This provides an attractive method for capturing the dependence structure contained in the joint distribution of income under partially dependent samples. Each of the above bivariate income distributions will be estimated via full information maximum likelihood using income data from the Household, Income and Labour Dynamics in Australia (HILDA) Survey for 2001 and 2005. Once the parameters for each bivariate income distribution have been estimated, values for various measures of inequality and poverty can be obtained for each marginal distribution along with their differences, enabling the assessment of changes in such measures over time. More specifically, the summary measures to be considered in this paper include mean income and modal income, the Gini inequality coefficient and the headcount ratio poverty measure. In addition, the standard errors of each of the differences, which are of particular interest in this analysis, will be calculated using the delta method. For comparative purposes, estimates of each measure will also be obtained for the Singh-Maddala and Dagum marginal distributions which have been estimated at the univariate case under independence.
The remainder of this paper is organised as follows. Section 2 discusses and defines the concept of a partially dependent sample. A definition for each of the bivariate distributions proposed for the joint distribution of income, along with the inequality and poverty measures considered in this analysis are provided in Section 3. Section 4 defines a likelihood function for partially dependent samples with a particular emphasis on the likelihood function for a copula. Section 5 summarises the characteristics of the HILDA panel data used in the analysis. Empirical results of the analysis as applied to the data, including parameter estimates, tests for independence, and estimates for the inequality and poverty measures are presented and discussed in Section 6; conclusions appear in Section 7.
PARTIALLY DEPENDENT SAMPLES
Given the nature of panel studies, it is difficult to maintain a completely dependent sample over an extensive period of time, as members will typically enter and exit the panel from year to year. Therefore, if a sample of income is taken from any two years of a panel, there will be members of the panel common to both years as well as members who have only participated in one year. Consequently, it is impossible to obtain a completely dependent sample without discarding valuable data, inhibiting the accurate approximation of the marginal income distributions for each year. In order to include all of the available data when estimating dependent income distributions, a partially dependent sample should be used, where those members of the panel which remain in both years are paired and treated as dependent, but those members who have only recorded data in one year are retained in the sample and treated as independent. The concept of a partially dependent sample is further defined as follows. 
BIVARIATE INCOME DISTRIBUTIONS

Marginal Income Distributions
At the univariate level, the Singh-Maddala and Dagum distributions have been shown to provide a better fit than any of the other functional forms considered previously in the literature (Singh and Maddala, 1976; Dagum, 1977; Kleiber, 1996) . This makes both distributions an attractive choice for the marginal densities of each income distribution. Both distributions belong to a class of distributions owed to Burr (1942) , and are also special cases of the class of generalised beta of the second kind (GB2) distributions established by McDonald (1984) , which has a probability density function given by,
where is a scale parameter, and , and are shape parameters. , represents the beta function, which is defined as,
The Singh-Maddala distribution, which is also known as the Burr XII distribution, is the special case of the GB2 distribution where 1. It has a probability density function given by,
and corresponding cumulative distribution function given by,
where the parameters , and are all strictly positive. The mean and mode of the SinghMaddala distribution can be written in terms of the parameters , and respectively as follows,
with 1 required for the mode to exist.
The Dagum distribution, which was later identified as the Burr III distribution, is the special case of the GB2 distribution where 1. It has a probability density function given by,
which is associated with a cumulative distribution function defined as,
where the parameters , and are all strictly positive. The mean and mode of the Dagum distribution can be written in terms of the parameters , and respectively as follows,
with 1 required for the mode to exist. For a more detailed discussion of the SinghMaddala and Dagum distributions and their properties, refer to Kleiber and Kotz (2003) . The closed form expressions given in (5), (6), (9) and (10) can be used to obtain estimates for the mean income and modal income summary measures, using estimates of the distribution parameters. Expressions for the Gini inequality coefficient and headcount ratio are defined in subsequent sections.
The Bivariate Singh-Maddala Distribution
One of the distributions considered for the joint distribution of income is the bivariate case of the multivariate Singh-Maddala distribution proposed by Takahasi (1965) . Developed as a compound Weibull distribution with a gamma distribution as the compounder, this distribution contains both marginal and conditional distributions which follow a univariate
Singh-Maddala specification. It is often referred to as the multivariate Burr distribution due to its introduction prior to the paper by Singh and Maddala (Kleiber and Kotz, 2003) .
Consider two samples of income from different years, and , where both marginal densities, and respectively, follow the univariate Singh-Maddala distribution.
Under the bivariate case of Takahasi's multivariate Singh-Maddala distribution, the joint density of income is given by,
with a cumulative distribution function of the form,
The parameters and correspond with the univariate Singh-Maddala distribution for the marginal density of , and and correspond with the marginal density for . Note however, that the parameter is common in both marginal distributions
Bivariate Copula Distributions
The estimation of copulas is becoming an increasingly popular approach to modelling joint distributions. Often the issue of dependence within a sample is addressed through the concept of correlation. However, when dealing with nonlinear distributions, which is usually the case when analysing strictly positive income data, more complex, nonlinear dependence structures can arise when considering their joint distributions (Trivedi and Zimmer, 2005) . The copula approach makes it possible for a wide range of dependence structures to be captured beyond simply correlation. Popularised by Sklar (1959) , copulas allow for the derivation of a joint distribution in terms of the marginal distributions of each variate. Therefore, they can be fitted to any specification for the marginal distribution, including allowing for the marginal variates to follow different distributions.
A copula is a multivariate distribution which is defined on the 0,1 hypercube, 
Thus modelling the dependence between the uniformly distributed margins is equivalent to modelling the dependence between the variates themselves. If the marginal distributions , … , are continuous, then the copula function , … , is unique. If some or all of the marginal distributions are discrete, then the copula function still exists, however is not unique. In addition, a copula must satisfy the following three properties:
(1) 1, … ,1, , 1, . . ,1 for any ;
(2) , … , 0 if 0 for any ;
For a more detailed discussion of the properties of a copula refer to Trivedi and Zimmer (2005) .
The choice of copula depends on the dependence structure between the variates of interest.
This paper considers three of the most commonly applied bivariate copulas; the Gaussian copula, Clayton copula and Gumbel copula. The Gaussian copula is an extension of the bivariate Normal distribution, and belongs to the class of elliptical copulas. It is defined as,
where Φ G is the standard bivariate Normal distribution, Φ is the standard univariate Normal distribution, and is the dependence parameter. The Gaussian copula captures dependence in the form of correlation, and as a result, the dependence parameter is defined on the 1, 1
interval. That is, it captures both positive and negative dependence. A dependence parameter with the value of 0 corresponds with the independence case.
The Clayton (1978) copula is defined as,
where the dependence parameter, , is defined only on the 0, ∞ interval. Whilst the independence case is not achieved for any value of , as it approaches zero the Clayton copula approaches independence. In addition, the Clayton copula can only capture positive dependence. It favours data which exhibits strong left tail dependence and weak right tail dependence. Therefore, if a sample of bivariate data is expected to be highly correlated at lower values and relatively less correlated at higher values, then the Clayton copula would be an appropriate choice.
The Gumbel (1960) copula is defined as,
where ln . In this case, the dependence parameter, , is defined on the 1, ∞ interval, where a value of 1 represents the independence case. Like the Clayton copula, the Gumbel copula only captures positive dependence. However, it favours data which exhibits strong right tail dependence and weak left tail dependence. Each of the three copula functions defined above will be applied to the case where both marginal densities follow the univariate Singh-Maddala distribution and to the case where both marginal densities follow the univariate Dagum distributions.
The Gini Inequality Coefficient
The Gini coefficient is the most commonly used measure of the degree of inequality in an income distribution. It is derived from a Lorenz curve, which is an alternative representation The Gini coefficient is one such measure, which is simply the ratio of the area between the line of perfect equality and the Lorenz curve (A in Figure 1 ) and the area between the line of perfect equality and the line of perfect inequality (A + B). This enables the Gini coefficient to lie between 0 and 1, with a coefficient of 0 indicating perfect equality, and 1 representing perfect inequality. It is also useful to note that as both axes lie on a (0,1) interval, the Gini coefficient can also be defined as twice the area between the line of perfect equality and the Lorenz curve.
Closed form expressions for the Gini coefficient in terms of the parameters of the income distribution are available for both the univariate Singh-Maddala and Dagum distributions considered in this analysis. The Gini coefficient which corresponds to the Singh-Maddala distribution is defined as,
and the Gini coefficient which corresponds to the Dagum distribution is defined as,
Estimates of the Gini coefficient can be found by using estimates of the income distribution parameters and substituting them into the above expressions.
The Headcount Ratio Poverty Measure
The poverty measure considered in this analysis is the headcount ratio. This is the most commonly used poverty measure in the literature, and measures the proportion of the population which are considered to be in poverty. If represents the number of people or households which receive an income below a pre-specified poverty line, , and is the population size, then the headcount ratio, , is given by, .
Alternatively, it can be calculated by evaluating the cumulative distribution function of the income distribution at the poverty line, . That is, .
This function holds for any specification for the income distribution, , and therefore can be used to obtain estimates of the headcount ratio for the income distributions from each year considered in this paper. Although widely used, the headcount ratio has been heavily criticised for only indicating the level of poverty within a population and not the intensity of poverty or the extent of inequality amongst the poor. For example, consider two societiessociety A and society B. If society A has a higher headcount ratio than society B, then the former may be said to have a higher incidence of poverty than the latter. However, it may be the case that society A has a large number of households which receive an income close to the poverty line, whilst society B has fewer households in poverty but households that receive an income much lower than the poverty line. Therefore, the headcount ratio may be misleading and as a result, many other measures of poverty have been proposed in the literature.
MAXIMUM LIKELIHOOD ESTIMATION
Maximum likelihood techniques have remained the most preferred estimation method when modelling joint distributions. When estimating copulas in particular, there are two alternative approaches to maximum likelihood estimation. The first uses two-stage maximum likelihood, which estimates each marginal distribution at the first stage, and then estimates the dependence parameter at the second stage, using the estimates obtained at the first stage. This method is attractive if there is a high number of marginal variates or if the marginal distributions contain a high number of parameters. The other approach, which is the one adopted by this paper, is the use of full information maximum likelihood (FIML) estimation, which estimates all the parameters simultaneously. Although this method can become cumbersome for highly parameterised marginal distributions or for high-dimensional copulas, this method gives more efficient estimates of the parameters (Trivedi and Zimmer, 2005) . As only the bivariate case is being considered in this analysis, the number of parameters to be estimated is relatively low. Therefore, FIML will be used in favour of more efficient estimates.
The Log-Likelihood Function for a Partially Dependent Sample
Recall that when using a partially dependent sample in an analysis that some members of the panel will be common to both samples from each year, whilst some members will have been observed in only one year. Once again, let be a sample of income for one particular year of a panel data set, which follows a univariate income distribution given by , and a sample of income from a subsequent year of the panel, which follows a univariate income distribution given by . The observations which occur in both years follow some bivariate income distribution, , , whilst the observations which occur in one year only are governed by their respective marginal distributions.
In addition, let be a dummy variable taking a value of 1 if the member of the panel only recorded an income in the first year, and be a dummy variable taking a value of 1 if the member of the panel only recorded an income in the subsequent year. Similarly, let 1 1 be a dummy variable indicating whether a member of the panel recorded an income in both years. Then the likelihood function for a partially dependent sample can be defined as,
where . That is, the dummy variable, , is used to pick out the observations of which follow the marginal income distribution,
. Similarly, the dummy variable, , picks out the observations of which follow the marginal income distribution, . The dummy variable, , is used to pick out the observations of and which come from the joint income distribution, , .
The corresponding log-likelihood function for a partially dependent sample is then given by,
It is relatively straightforward to derive ln , from the probability density function for Takahasi's bivariate Singh-Maddala distribution. However, at this stage, it is useful to define the density function and likelihood function of a copula in order to derive ln , for each copula.
The Copula Log-Likelihood Function
Consider a bivariate copula denoted by , ;
. Its probability density function is then defined as, , ;
, ; ,
where,
, ; , ; .
It follows that the likelihood function of a copula is given by,
with the resulting log-likelihood function of a copula subsequently defined as,
The expression given in (28) can be used to obtain the function ln , for the loglikelihood of the entire partially dependent sample as defined in (22).
The function, , ; , represents the cross partial derivative of the copula distribution function with respect to its marginals. Closed form expressions for this are available for each of the three copulas considered in this paper as follows. For the Gaussian copula,
where Φ and Φ .
For the Clayton copula,
and for the Gumbel copula, , ;
1 , (29) where ln .
DATA
This analysis was applied to unit-record data of Australian household disposable income living in public housing were excluded from this analysis. Households which recorded a zero or negative disposable income were also removed from the data set.
The household disposable income data used in the analysis was derived by subtracting financial year taxes from gross income. Household gross income was obtained by summing all regular sources of income, from both private and public sources, including Family Tax Benefits and Child Care Benefits, however excludes irregular sources of income. In order to maintain the weighted mean of the distribution, households which recorded a disposable income greater than a pre-specified threshold of $275,000 were substituted with the topcoded value of their weighted average ($461,332 for 2001 and $418,490 in 2005) .
In order to account for differences in the size of the households, the household disposable income data were adjusted using an equivalence scale. In particular, the OECD equivalence scale was used, which gives a weight of 1.0 to the first adult household member, 0.7 to each additional adult, and 0.5 to each child under the age of 15. The data were also adjusted to account for the effects of inflation using Consumer Price Index data obtained from the Australian Bureau of Statistics, which is based in 1948 dollars. household or joining with another to form one household, were treated as independent. The motivation behind this is that it is difficult to identify the main income earner in a particular household, and the potential change in an individual's weight given by the equivalence scale.
Therefore, whilst it is recognised that there is still some element of dependence among such households, it would not be as strong as the dependence inherent in households which remained the same in composition. It was found that 2750 households recorded an income in both years and did not change in composition and, as a result, were treated as dependent observations. 
EMPIRICAL ANALYSIS
This section provides a discussion of the results from the analysis of the real equivalised disposable income data after estimating each of the proposed models using FIML. Firstly, the estimated parameters of each bivariate distribution, applied with both Singh-Maddala and Dagum marginal distributions, and their associated density functions are compared to parameter estimates obtained under the univariate case. Secondly, the models are tested for independence using standard hypothesis tests. Finally, estimates of the welfare measures, their differences and associated standard errors are compared to examine changes in inequality and poverty between the two years. Table 3 . In addition, the marginal income distribution for each year was estimated independently, under both the Singh-Maddala and Dagum specifications, with the results also presented in Table 2 and the Gumbel copula appears to provide the best fit for the partially dependent income data, producing the highest log-likelihood value and lowest AIC. This is observed for both forms of the marginal income distributions. As the Gumbel copula captures strong right tail dependence, this seems to suggest that there is a relatively higher degree of correlation within high income earners. That is, if a household earned a high income in 2001, then they are also expected to earn a high income in 2005. This coincides with a relatively higher degree of income mobility amongst low income earners, with the Gumbel copula capturing relatively weak left tail dependence. In addition, the Gumbel copula with two Dagum marginals is slightly favoured over the Gumbel copula with two Singh-Maddala marginals, as it produced a slightly higher AIC, although both have produced identical log-likelihood values.
The estimated density functions for income under each distribution given in Figures A.1 It was previously recognised that each of the bivariate income distributions provided a better fit to the partially dependent income data than the univariate income distributions, based on values for the log-likelihood and AIC of each model. However, the case for independence can be formally tested by conducting standard hypothesis tests on the dependence parameter for each copula, given the asymptotic properties of the maximum likelihood estimates. Recall that for the Gaussian copula, a dependence parameter with a value of 0 indicates independence. For the Gumbel copula, independence is given under a dependence parameter equal to 1. Whilst independence cannot be achieved for a particular value of the dependence parameter under the Clayton copula, as it approaches 0 the Clayton copula approaches independence. Therefore, this restriction can be tested to indicate independence under the Clayton copula. Note that as the Takahasi bivariate Singh-Maddala distribution does not contain a dependence parameter, testing for independence is not as straightforward.
From the estimation output for each copula model, it was observed that each of the dependence parameters for the Gaussian and Clayton copulas produced an extremely low pvalue along with large test statistics. This was also observed for the dependence parameter of the Gumbel copulas when calculated according to the restriction being tested. The results suggest that there is sufficient evidence of a significant degree of dependence between the two marginal income distributions and that independence is not supported by the data.
In order to examine the extent of income inequality and poverty present in Australia, estimates of mean income, modal income, the Gini coefficient and the headcount ratio were obtained by substituting each estimated parameter into the expressions outlined in Section 3.
These are presented in Table 4 along with their standard errors, which were estimated using the delta method. Also included are the nonparametric values observed from the sample data.
The sample Gini coefficient was calculated from the unit record data using the formula,
where is the income of the th household after arranging the data in ascending order according to income. The poverty line used to calculate the headcount ratio was half the sample median income for each respective year. show that a different model provides a more accurate estimate for each summary measure.
For example, the Gaussian copula with two Singh-Maddala marginals has produced an estimate for mean income in 2001 closest to the corresponding sample value and with the lowest standard error. However, with respect to modal income, Takahasi's bivariate SinghMaddala distribution has produced estimates with the lowest standard errors for both year.
Interestingly, the univariate Singh-Maddala distribution produces estimates of the Gini coefficient and headcount ratio closest to their sample values in both years, though not each has achieved the lowest standard error. What are of particular interest however, are the differences in each measure between the two years, and their corresponding standard errors which allow the analysis of changes in inequality and poverty over time. These results are contained in Table 5 below. It can be seen from Table 5 , that each of the bivariate income distributions have produced more efficient estimates than the univariate distributions for each of the differences in the summary measures, with the exception of the Clayton copula containing two Dagum marginals, with respect to the difference in modal income. This provides evidence in favour of the earlier argument that using bivariate distributions is necessary for capturing dependence amongst panel income data and to allow the production of more efficient estimates for the differences of various inequality and poverty measures of interest. It is also interesting to note that the Gumbel copula with two Singh-Maddala marginals has produced the most efficient estimates of the differences in mean income, modal income and the Gini coefficient, with standard errors smaller than any other model considered. However, in terms of the headcount ratio, the Clayton copula with two Dagum marginals has produced the most efficient estimate. 
CONCLUSION
When analysing the incidence of inequality and poverty through the estimation of income distributions, the presence of dependence in a sample of income taken from a panel study has been left largely unaddressed in the literature. The main objective of this paper was to suggest various bivariate distributions for modelling a partially dependent sample of household income, from which inequality and poverty measures could be produced to examine changes in such measures over time. Of particular interest were the standard errors for the differences of each welfare measure between two years of a panel study, as they are incorrectly estimated under the univariate approach.
Maximum likelihood was used to fit the Gaussian, Clayton and Gumbel copulas, each with either two Singh-Maddala marginals or two Dagum marginals, along with a bivariate Singh-Maddala distribution, to real equivalised household income in Australia. In comparing the parameter estimates of the bivariate income distributions to those obtained for the univariate income distributions, it was found that the former performed better overall as they produced higher log-likelihood values. This was consolidated by tests for independence conducted on the dependence parameter for each copula. On a comparison of the bivariate models, it was found that the Gumbel copula with two Dagum marginals best approximated the distribution of income in Australia.
In addition, the parameter estimates were used to obtain estimates for mean income, modal income, the Gini inequality measure, and the headcount ratio poverty measure for each marginal distribution. Each measure was shown to be close to its respective nonparametric estimate, with small standard errors also indicating that each was estimated with a high degree of precision. However, it was found that a different model provided a more accurate estimate for each measure. In terms of the differences for each summary measure, all bivariate distributions considered produced more efficient estimates than those obtained from the univariate distributions. It was shown that the Gumbel copula with two Singh-Maddala marginals produced estimates for the differences in mean income, modal income and the Gini coefficient with the smallest standard errors. However, for the headcount ratio, the Clayton copula with two Dagum marginals produced estimates of the difference with the smallest standard errors.
When using the differences of each summary measure to analyse trends in income inequality and poverty, it was found that estimates of mean and modal income indicated that on average, 
